Abstract Appropriate evaluation is a key component in visualization research. It is typically based on empirical studies that assess visualization components or complete systems. While such studies often include the user of the visualization, empirical research is not necessarily restricted to user studies but may also address the technical performance of a visualization system such as its computational speed or memory consumption. Any such empirical experiment faces the issue that the underlying visualization is becoming increasingly sophisticated, leading to an increasingly difficult evaluation in complex environments. Therefore, many of the established methods of empirical studies can no longer capture the full complexity of the evaluation. One promising solution is the use of data-rich observations that we can acquire during studies to obtain more reliable interpretations of empirical research. For example, we have been witnessing an increasing availability and use of physiological sensor information from eye tracking, electrodermal activity sensors, electroencephalography, etc. Other examples are various kinds of logs of user activities such as mouse, keyboard, or touch interaction. Such data-rich empirical studies promise to be especially useful for studies in the wild and similar scenarios outside of the controlled laboratory environment. However, with the growing availability of large, complex, time-dependent, heterogeneous, and unstructured observational data, we are facing the new challenge of how we can analyze such data. This challenge can be addressed by establishing the subfield of visualization for visualization (Vis4Vis): visualization as a means of analyzing and communicating data from empirical studies to advance visualization research.
Introduction
This position statement primarily focuses on empirical studies with user involvement but also touches other empirical studies that may collect data from technical performance benchmarks to assess the computational characteristics of a visualization system.
I argue that we need to establish a new subfield to address the challenges of empirical evaluation in visualization research:
We need visualization for visualization (Vis4Vis).
The underlying problem is the difficulty in performing an appropriate evaluation for complex visualization systems. For these, many of the traditional approaches to empirical research adopted from other fields cannot be used directly. Section 2 provides background references that discuss various aspects of the underlying problems, methodological challenges, and possible solutions.
I argue that one promising route is to use as much information as possible from empirical studies. Unfortunately, many of the traditional methods for user studies and other empirical research in visualization come from other fields and earlier times in which there was much less data accessible from studies. One example of such data that is still underutilized in visualization research is gaze data from eye tracking experiments. Section 3 discusses examples of eye tracking in visualization research in more detail. However, there are many other potential sources of sensor data that could be collected. Several of these examples rely on physiological sensors, often in the context of work on human-computer interaction (HCI): electroencephalography (EEG) [2] and, in general, the use of brain-computer interfaces (BCIs) and EEG for interaction [35] , pervasive BCI [66] , near-infrared spectroscopy (NIRS) [37, 78] , functional magnetic resonance imaging (fMRI) [26] , or the combination of several physiological sensors to characterize emotions [82] or investigate interfaces [69] .
However, data is not restricted to coming from physiological sensors. For example, logging user activities with the visualization interface, based on recording mouse, keyboard, touch, or other ways of interaction, can provide a detailed and rich source of highly relevant information [81] . Other examples are video and audio recordings during user studies that can serve as a basis for think-aloud protocol analysis [30] .
Overall, technological advances for various kinds of sensors and other data sources have made it easy and cost-effective to capture largely increasing amounts of data for empirical visualization research. And with further progress in technology, in particular, for non-stationary or wearable devices for visualization and user studies, we will see even more diverse types of user studies in visualization research. A recent trend in the visualization community addresses immersive analytics [60] , which will lead to the problem of evaluating visualizations in the context of virtual reality or augmented reality.
With the challenges of empirical research for complex visualizations on the one hand, and opportunities that come with advanced data acquisition on the other hand, we will have to rethink how we can conduct, evaluate, and report empirical studies. With this text, I focus on the issues related to data analysis for the evaluation and reporting of the results of studies based on large, complex, time-dependent, heterogeneous, and unstructured observational data. I argue that visual data analysis and communication is a promising approach to address these issues. Accordingly, I will discuss opportunities and open questions for visualization research. My proposal for the need for Vis4Vis, especially in the context of empirical visualization research, extends my position statement that I gave as part of the panel discussion at the 2016 Workshop on Beyond Time And Errors: Novel Evaluation Methods For Visualization (BELIV). 1 
Background of Empirical Studies
The relevance of empirical studies for evaluation, especially user-oriented evaluation, is well accepted by the visualization research community. In general, there are many well-established approaches to empirical studies for visualization and visual analytics [20, 68, 83] . Tory [80] provides a recent overview and categorization of user study approaches, covering various quantitative and qualitative methods. Freitas et al. [33] discuss a user-centered perspective on evaluation. There are also examples in which different types of study methods are combined, including the combination of usability metrics and eye tracking [23] .
Evaluation methodology is the special focus of the series of BELIV Workshops, which investigate approaches beyond the traditional user performance measures of completion time and accuracy. Therefore, many BELIV Workshop papers address topics relevant to this text. For example, Elmqvist and Yi [29] describe a collection of patterns for evaluation, Ellis and Dix [28] provide an explorative analysis of user studies, Lam and Munzner [55] discuss quantitative empirical studies in the context of meta analysis, and Anderson [1] employs cognitive measures for evaluation. However, the above papers do not focus on empirical studies that use rich sets of observations. However, Kurzhals et al. [49, 50] consider this approach as critical for future and improved evaluation methods for visual analytics. They especially focus on the combination of eye tracking information with traditional task performance indicators, but they also discuss the issue of data fusion integrating further timeoriented data acquired during an empirical study. One example is the combination of eye tracking and interaction logs [8] . Kurzhals et al. [49] call for exploratory data analysis and hypothesis building to address the difficult analysis questions that come with complex data. In follow-up work, Kurzhals et al. [48] adopt the perspective of analysis tasks on eye tracking data, with a respective overview of such tasks.
A further step in the direction of integrating different data sources from empirical research into an interactive visual analysis approach was taken by Blascheck et al. [10, 9] : they describe how visual analytics methods can be used to evaluate visual analytics systems, for example, by including think-aloud protocol analysis, eye tracking information, or interaction data from the same experiment. Blascheck et al. [6] enrich this approach by integrating visual data analysis and coding of user behavior.
I argue to follow-up and extend this direction of advanced visualization methods for analyzing complex and rich data sources. This will become particularly relevant for studies that address more complex research questions than in traditional, quite focused, and restricted laboratory studies. A trend in HCI and other communities tries to address realistic scenarios by adopting research in the wild [25] , following early work on cognition in the wild from the perspective of anthropology [41, 57, 79] . A related evaluation need has been identified in the visualization community by Lam et al. [54] and Isenberg et al. [42] . They discuss scenarios that go beyond traditional user experience, user performance, or (technical) algorithm performance, for example, how we can evaluate communication through visualization, visual data analysis and reasoning, or collaborative visual data analysis. I am convinced that the visualization of data-rich recordings will be especially useful for empirical research in such areas.
Example: Eye Tracking Studies and Evaluation
Let us use eye tracking studies as one example of experimental research with datarich observations. Gaze is a highly relevant source of data for empirical visualization research because it provides quite accurate and fast information that can be useful to understand attention, reading patterns, and the like. Even though there is not always a direct interpretation of eye tracking data [46] , most studies can be set up in a way that eye tracking provides informative feedback if it is used with the right study design and interpretation of results [34] . Eye tracking might even be an alternative way to measure indicators of insight [65] . Background on eye tracking is described in the books by Duchowski [27] and Holmqvist et al. [39] .
This section focuses on eye tracking for user studies and how we can visually analyze gaze information acquired in such studies. There are other, yet related applications of eye tracking: For example, gaze can serve as a basis for interaction techniques [43] , eye movements can be employed for activity recognition [15, 31] , eye tracking can help identify tasks and abilities of users of information visualizations [77] , and it can be used to improve interactive visualization by recommendations built on inferred user interest [74, 76] and by adaptive interfaces based on the recognition of user tasks and intent [75] . Now, let us focus on eye tracking in empirical visualization research. Extending the fundamental visualization pipeline [21, 36] , the process of acquisition and visual analysis of eye tracking data can be described by the pipeline of Figure 1 , as defined by Kurzhals et al. [48] . The study data consists of gaze information andpotentially-further complementary data. These are processed and annotated before the mapping to the visualization is computed. The overarching process consists of two interlinked loops: a foraging loop to investigate and explore the study observables, and a sensemaking loop for the interpretation of the data [67] . This interpretation may lead to confirming, rejecting, or building new hypotheses. Figure 1 shows that data-rich information from eye tracking leads to a quite complex data analysis problem. General, rather high-level analysis tasks include compare, relate, and detect [48] . There are a number of specific questions such as: on which parameters or data are these tasks performed (independent or dependent variables), do we want to define derived variables from raw data (other types of independent or dependent variables), which visualization techniques support these tasks and data types, what are the eventual research questions that should be answered by the analysis?
There is a comprehensive overview of visualization techniques for eye tracking data [11, 12] , along with a taxonomy that incorporates types of data, stimuli, and visualization techniques. Alternatively, Andrienko et al. [3] provide a critical assessment and review of geo-inspired visual analytics techniques from the perspective of eye tracking analysis. These overview and review papers are a good starting point for choosing appropriate visualization techniques, depending on the visual analysis problem; see center part of Figure 1 .
Overall, there has been quite some progress recently in novel and improved visualization techniques to support the evaluation of eye tracking studies. In particular, there are techniques that allow researchers to combine spatiotemporal gaze analysis [53] with the integrated interpretation of scanpaths and areas of interest (AOIs) [51] (see Figure 2 for an example), visually compare scanpaths [47] , examine large sets of gaze trajectories by bundling [40] , analyze time-dependent AOIs for long-timespan studies [62] , work with fixation metrics for the large-scale analysis of information visualizations [19] , show gaze and stimulus simultaneously in a volume representation [13] , or relate gaze to data of interest in a visualization [44] .
There are many examples of the usefulness of such visual data analysis for eye tracking experiments. Typically, visual data analysis is a critical component in pilot studies that can then inform the design of the study process and statistical evaluation. I just want to briefly sketch a few typical examples of how visualization supported our own previous work on eye tracking evaluation of visualization techniques. One example is an eye tracking study that compares parallel coordinates and scatterplots [64] . Here, the visualization of scanpaths, attention, and AOIs for pilot studies helped us formulate hypotheses that eventually led to an advanced computational description of transitions between AOIs that could be used for statistical testing of complex reading behavior. Similarly, for an eye tracking study on transportation maps [63] , visualization allowed us to define a new numerical indicator for geodesic distance plots that served as a basis for statistical inference on reading behaviors. Finally, Burch et al. [16] showcased many different types of visualization techniques and discussed how they could be used to identify qualitative findings in eye tracking data from a study on tree visualization techniques [18] : visualization allowed us to identify reading strategies, reasons for the bad performance of radial tree layouts, and spatiotemporal characteristics of the eye tracking information.
Despite the advances in visual analysis and the above success stories, Kurzhals et al. [50] pointed out a number of open issues related to evaluating visualization and visual analytics with eye tracking: we are still missing sufficient methods for scanpath comparison, fusion of different data sources (e.g., gaze with interaction logs or EEG), and practical tools and working analysis systems. Furthermore, Kurzhals et al. see the need of linking to cognitive models and translational evaluation of human cognition, which asks for building an interdisciplinary community that combines expertise in computer, cognitive, and social sciences. I think that these issues still remain as challenges today. In particular, the combination of data from different sources is a key aspect that needs to be addressed further. There is a need to reach out beyond eye tracking alone and include various other types of data that we can access during studies.
Another challenge is scalability, especially if we want to address long-timespan studies and/or studies with large numbers of participants, leading to a big data visual analytics problem for eye tracking [7] . This problem will also arise when visualization is evaluated with pervasive eye tracking [22] , unconstrained mobile eye tracking, or in-the-wild research, typically with mobile eye tracking glasses. The analysis becomes challenging here because each study participant will see individual stimuli, which makes it hard to register or align gaze data between participants and relate them to the semantics of objects from the stimuli. In fact, the data analysis has to include much analysis for time-varying image data acquired by the world camera of the eye tracking glasses. There are some first attempts in this direction [52] that combine computer-based image analysis with visual interaction, but we are still far from a simple, reliable, and time-efficient analysis process.
Up to now, the discussion has focused on eye tracking as an element of methods for quantitative research. However, for a more comprehensive evaluation approach, qualitative methods should also be considered-typically leading to a combination in the form of mixed methods [45] . I see an integration of data-rich research methods (often the quantitative ones, especially when based on physiological sensors like eye tracking) with data-poor research methods (often the qualitative ones) as another area where visualization can play an important role. An example of this research direction is the triangulation of different approaches (here, gaze combined with think-aloud protocol analysis and interaction logs) by Blascheck et al. [10, 9] . Taking this approach further, visual analysis and coding of participants' behavior and actions are possible [6] , integrating data-rich gaze information in the form of word-sized graphics [4] with other sources of information from experiments.
Generalized Problem Characterization
The above discussion was centered around the specific example of eye tracking studies and the evaluation of the results of such studies. Many of the basic challenges already occur in this context of eye tracking and carry over to other types of studies.
This section extends the discussion to a generalized view on visual data analysis for empirical visualization research.
Data and Visualization Types
The choice of visualization technique largely depends on the type of data that needs to be analyzed. In general, observational data will be large, complex, timedependent, heterogeneous, and unstructured, coming from different types of sensors or information sources. However, in general, we can assume that observational data can be assigned some time stamp, i.e., data even from different sources can be eventually registered along the timeline (even though it might be difficult technically). In other words, the underlying data model is that of a time-dependent data set with different types of time-varying data attributes.
The actual data attributes can be of largely varying type, and they may not be sampled at the same timepoints or same frequency. Some might not even be sampled at points in time, but spread across the timeline or even be associated with the full trial (i.e., the full timeline). There is a large set of potential variables that could be acquired as raw data during the experiments-Typical types of time-series data consist of multidimensional data, i.e., multiple real-valued fields, or multiple categorical (nominal) data attributes (e.g., categories of events from user logs). Other types of much larger data sources include videos (images) and audio that may, for example, be recorded for protocol analysis or mobile eye tracking. Data may also include information about technical or algorithmic measures of performance [14, 56, 70] . For any kind of such data, we may also obtain measures of reliability or uncertainty, which is relevant for many types of sensor data.
The characterization of data does not stop at the stage of the original or raw data. In fact, many examples of visual analysis work on derived data that might be more informative than raw data. For the example of eye tracking in Figure 1 , the 'analysis data' is typically derived data. Preferably, the derived data is fully automatically computed from the original sources, but there might be cases where user intervention might be required, for example, for the visual-interactive annotation of data.
The choice of visualization technique(s) depends on the type of data to be analyzed. A general strategy is to use multiple coordinated views to support several data attributes [71] . More integrated visual representations may lead to better results but typically require a specific visual design. To address the complexity of the data analysis problem and facilitate scalability to large data, interactive visualization is routinely combined with automatic data analysis-such as statistical methods, unsupervised, or supervised learning-in a visual analytics setup. Finally, the choice of visualization may also depend on the independent variables, for example, whether we have to analyze data for individual participants or groups of participates, or whether we need comparative visualization to show differences with respect to independent variables.
Analysis and Dissemination Goals
Of course, the choice of visualization technique also depends on the goals of the analysis. Typical analysis tasks include outlier detection, summarization, aggregation, or grouping. A related perspective on data analysis goals for knowledge discovery in databases (KDD) is provided by Fayyad et al. [32] . Where possible, automatic data analysis or statistical techniques are employed to support the task, but as discussed above, the typical approach will follow the combination with interactive visualization. In particular, the visual analysis should also include the original input data or stimuli. The analysis of qualitative aspects of studies is especially challenging [24] ; a general approach is based on coding such qualitative study data [72] .
A fundamental issue of any visual data analysis is the question of reliability: interactive data exploration might lead to different findings, depending on the interaction steps taken by the analyst. This issue is present for the analysis of study data as well; after all, we want reliable and robust results from studies. Therefore, interactive visualization is typically accompanied by statistical analysis to obtain more controlled answers, yet based on hypotheses informed by visualization. The sensemaking loop of Figure 1 indicates hypothesis building and testing for the example of eye tracking experiments; however, the general structure of the sensemaking loop extends to any kind of experimental evaluation and could include statistical testing.
Another issue is related to properly planning the setup of the studies. Their quality critically depends on an appropriate choice of stimuli or other input shown to the participants. Therefore, the generation of input data is of high relevance to support informative results of studies or facilitate benchmarking. A promising approach employs generative data models to do so [73] .
Finally, the goal of visualization does not stop at data analysis. In fact, visualization is equally relevant for disseminating results of studies after interpretation and insight generation in the sensemaking loop of Figure 1 . Therefore, visualization approaches for dissemination [5] and storytelling [58, 59] are required.
Future Research Perspectives and Call for Action
Based on the specific observations and experiences with eye-tracking-based empirical visualization research (Section 3) and the generalized problem characterization (Section 4), I have identified the following, quite subjective recommendations for future research directions and a call for action.
Let us be our own domain experts: visualization for visualization (Vis4Vis)! I argue that we should prominently position visualization research as an application domain for visualization. So far, the call for papers and keywords in the paper submission systems of the main conferences of the visualization community (IEEE VIS, EuroVis, PacificVis) specifically ask for application or design study papers, but they do not explicitly consider visualization research-even in cases where they list many other research areas. Furthermore, the call for papers and submission keywords typically contain empirical research, especially user studies, but they focus on actual studies and not on methods that support the evaluation of studies. The series of BELIV Workshops is a good example of a venue that specifically asks for the development of research methods and, thus, implicitly supports the topic of Vis4Vis. Similarly, the series of Workshops on Eye Tracking and Visualization (ETVIS) 2 [17] facilitates such research, yet restricted to eye tracking.
To advance our field, a more prominent integration of Vis4Vis in the main conferences would be helpful. Being our own domain experts has several benefits. First, we have an intrinsic and tight link to assessing whether our visual data analysis methods work well or how they need to be improved, leading to short development cycles; therefore, we can expect a fast development of useful visualization techniques that may even carry over to applications beyond those for empirical visualization research. Second, we will benefit from improved ways of evaluating our empirical studies, leading to a better understanding of visualization. Finally, since other disciplines such as HCI are facing similar evaluation challenges, there is a potential impact of improved data analysis for empirical research outside the visualization community.
Data-driven research for the next generation of empirical studies in visualization! I am convinced that the integration of as-much-as-possible data acquired during studies is a viable way to conduct advanced empirical visualization studies that may support in-the-wild experiments, unconstrained settings, and individual participants and group work alike. Therefore, in the sense of Vis4Vis, we are facing the challenge of data fusion and combined visual analysis of massive, often messy sensor and other study data. This, in particular, may include various kinds of physiological sensor, image/video, and audio data. However, with the recent progress in machine learning, especially deep neural networks, there is a great potential that we will be able to work with data-rich experiments, with a strong emphasis on data-driven research. In fact, the combination of machine learning with visual analytics is a most promising approach to address these hard analysis problems, for example, in combination with video visual analytics [38] . In this context, it will be critical to keep the original data as long as possible in the analysis pipeline in order to be able to obtain reliable results. Furthermore, it is equally important to obtain reliable and controlled results for data analysis by complementing visual analysis with rigorous statistical testing.
New ways of reporting, privacy preservation, and open science!
With extended or new approaches to visual data analysis, we are also facing the issue of how we can report findings from empirical research. One part of this issue is the concise presentation of results, for example, in a research article. Here, traditional styles of reporting by using established statistical descriptions no longer work, but it is not yet clear how the wide variety of more complex analysis results could be summarized in a brief, yet comprehensible and replicable way. Here, visualization can play an important role in the sense of using it for storytelling of the scientific data, but respective methods are yet to be developed.
Another part of this issue is related to how we should communicate the massive data potentially acquired during studies. The straightforward approach is to provide the complete set of research data along with the publication, for example, in repositories that guarantee reliable and long-term access of open research data. However, raw data alone is not useful, and even if meta information is provided, it might still be hard to fully replicate previous studies if they come with complex data. Therefore, it might become relevant to even provide visual analysis tools and descriptions thereof along with the research data. Alternatively, our community could establish a set of tools on which the reproducibility of studies could rely, adopting similar ideas from eye tracking research [61] . The issues of both storytelling and open science are connected to the development of visual data analysis methods in the sense of Vis4Vis.
Furthermore, with open empirical data, we have to carefully consider issues related to privacy of participants and research ethics. With data-rich empirical data combined from different types of sensors, we might acquire enough information that could lead to a breach of anonymity if the data is published in original raw format, i.e., there is an intrinsic conflict between open science and privacy preservation. However, visualization has the potential to help here if it is extended toward novel privacy-preserving visualizations integrated into the research process. The outcome could be privacy-preserving, modified versions of the original data that could still be shared as open research data-with sufficient details to support reproducibility of the relevant research results.
Best practices for the next generation of evaluation methods!
The three areas of recommendations and future research directions mentioned above will have to be complemented by the adoption of the visualization techniques in the processes and reporting of empirical visualization research. To this end, I see an ongoing process of identifying best practices for novel evaluation approaches and establishing new standards of empirical research.
Conclusion
It is obvious that visualization for visualization (Vis4Vis) is not the only answer to the challenges that we are facing in improving our set of methods for empirical visualization research. However, I am convinced that there is room for more advanced visualization methods for data analysis and reporting to be used in the context of studies within the visualization community, eventually improving our approach to empirical research.
